Automated tracking of cell population is an important element of research and discovery in the biology field. In this paper, we propose a method that tracks cells under highly confluent conditions by using the candidate cell region detection-based association approach. Unlike conventional segmentation-based association tracking methods, the proposed method uses the tracking results from the previous frame to segment the cell regions at the current frame. First, candidate cell regions are detected, and while there may be many false positives, there are very few false negatives. Next, optimized detection results are selected from the candidate regions and associated with the tracking results of the previous frame by resolving a linear programming problem. We quantitatively evaluated the proposed method using a variety of sequences. Results showed that our method has a better tracking performance than conventional segmentation-based association methods.
Introduction
Cell tracking in populations can provide fine-grained measurements of cell behaviors including migration, mitosis, and shape deformation. For example, the number of cells, the size of cells, cell migration speed, and cell mitosis events (i.e., an event in which a cell divides into two cells) can be easily computed by using cell tracking results. To effectively obtain quantitative measurements of cell behaviors, many automatic cell tracking algorithms have been developed. These existing tracking methods are effective for segmenting and tracking cells under low-to-middle confluency culture conditions, and some methods have achieved high accuracy under high confluency in stained images. However, it is still challenging to track cells under high confluency conditions in unstained images. Condition type is of particular interest in the biology and medicine fields. For example, in regenerative medicine, cells are cultured until they densely fill the dish in order to make the cells mature. Cell behavior metrics such as migration speed and cell shape information under high confluency are key elements in the assessment of cell quality in non-invasive images before transplantation.
Related work
Cell tracking methods can be roughly classified into two groups: model-based contour evolution approaches and segmentation-based data association approaches. The model-based contour evolution approaches, in particular the active contour methods, are widely used in cell segmentation and tracking [1] [2] [3] . At each frame, the segmented contours of the previous frame are given as the initial contours of the current frame and the method then identifies the contours by optimizing the energy function. Model-based contour evolution approaches can handle changes in topology, but when the cell confluency is high or cells move faster, this type of method may cause errors e.g., a part of the cell contour being optimized to the boundary of a nucleus or to the other cell due to its basis on local optimization. Another disadvantage is that re-initialization is usually required to handle mitosis events and enter/leave events.
Segmentation-based frame-by-frame association approaches are also effective for cell tracking [4] [5] [6] . AlKofahi et. al. [4] proposed a method that segments the cell regions using an adaptive threshold method and then resolves the association between two frames by linear programming. The authors state that in some cases, multiple cells merge into a cluster and eventually split apart, which is problematic. Padfield et. al. [6] use the min cost flow to resolve the association problem. This method can handle various cell behaviors including migration, mitosis, overlap, entering, and leaving. However, it may not work well if overlapping events frequently appear in the segmentation results. These frame-by-frame association approaches work well when objects are accurately detected in each frame. However, when false positives and/or negative segmentation errors appear, these methods may cause switching errors or mother-daughter relationship errors since the methods only use the local temporal information. To reduce such problems, Bise et al. [9] proposed a global data association method that first creates reliable tracklets and then globally associates the tracklets to obtain final cell trajectories. This method works well if the tracklets are reliably generated. However, under high confluency con- ditions, cells often touch or partially overlap each other and form cell clusters with blurry intercellular boundaries. Such conditions make it difficult to generate reliable tracklets. In response to this, the proposed method uses the cell region information from the previous frame, not just the current frame, to help segment blurry cells.
Our work.
In this paper, we propose a method that tracks cells under high confluency conditions by a candidate cell region detection-based association approach. One of the disadvantages of the conventional segmentation-based association approach is that the tracking process depends heavily on the segmentation because these method first detect cell regions and then associate them: in other words, the segmentation step is independent of the tracking step. To resolve this problem, we use the cell region information from the previous frame to help segment the blurry cells, rather than relying on only the image appearance at the current frame. Our method first detects cell region candidates in a process that may include many false positives but also features very few false negatives. Then, the optimal cell regions are selected from among the candidate regions by resolving the association problem between the candidate regions at the current frame and the tracking results from the previous frame. Since the candidate regions may overlap each other, conventional association methods such as [4] , [5] and [6] cannot be directly applied to this problem. We therefore formulate this problem as a linear programming problem containing constraints to avoid conflict associations. In addition, we propose a re-initialization framework that starts the tracking process for a candidate region only if the boundary of the cell has been clear for several frames continuously. This proposed method can create more reliable tracks under high confluency conditions. We evaluated our approach on four sequences with hundreds of cells cultured under high confluency conditions. Results show that our method has an improved tracking performance compared with the state-of-the-art methods in [8] and [9] . for n = 1 to N do 6: % Detect candidate regions by each threshold. end for 10: 2) Optimal region selection and association 11: % Get all hypotheses of association 12:
for all hypothesis h = 1 to length(H t ) do 
3) Candidate tracking for re-initialization 21:
22:
for all hypothesis h = 1 to length(H2 t ) do 
24:

C2(h, :) ← AddConstraints(H2
Algorithm
The overview of our method is shown in Figure 1 and the pseudo code of the algorithm is shown in Algorithm 1. First, the method creates candidate cell regions (which may include many false positives but also very few false negatives) by using multiple thresholds for each frame (lines 4 to 9 in the pseudo code). Next, the method resolves both problems that is, selecting the optimal cell regions from among the candidates and associating the optimal cell regions with tracked cell regions at the previous frame while avoiding conflicts by using a linear programming (lines 10 to 19). Then, the non-associated candidate regions in the optimal region selection and association step are associated with candidate tracking results to judge if the candidate regions should be registered as the new track. If the candidate track has been tracked for several frames continuously, the system starts the tracking process (lines 20 to 33). This process is iteratively performed for each frame until the end of the sequence to make tracklets. Finally, post-processing is applied to connect the generated tracklets by using global spatio-temporal information (lines 34 to 35). The algorithm is described in more detail below.
Candidate Cell Region Generation
In this process, the method generates candidates of cell regions that may include many false positives but also very few false negatives. We used the preconditioning technique developed in [7] to facilitate the generation. In the preconditioning images, a positive value of a pixel indicates the foreground and a small value indicates the background. Ideally, a brighter region surrounded by darker regions is a single cell region in the preconditioning image. However, a cell sometimes has multiple brighter regions surrounded by darker regions because the cell may have nuclei or particles. In addition, several cell regions may form a cluster by touching each other. We assume that the intensity of the boundary regions between touching cells is slightly lower than the intensity of the cell regions. We also assume that the regions surrounding a nucleus have a bigger intensity than the intensity of the background in the preconditioning image.
To isolate candidate regions, we segment all regions by using the multiple-level thresholding method to the preconditioning image. We first set N level thresholds where we make the N thresholds (N = 30) equally divided and then each threshold is used to segment images, as shown in Figure 2 . Next, the method fills in the holes of the foreground region because a cell cannot have holes. Finally, all segmentation results are registered as the candidate cell regions. We denote the set of candidate cell regions as
represents the ith candidate cell blob at frame t.
Optimal Region Selection and Association
After generating the candidate cell regions, the method determines optimized cell regions by resolving the association between candidate regions in the current frame t and cells that have been tracked up to frame t−1. This problem is formulated as a linear programming problem.
Let N 1 be the number of cells at the frame t − 1, let N 2 be the number of candidate cell regions at the frame t, let vector ρ store the likeliness of every possible hypothesis, and let matrix C store the constraints to avoid conflict hypotheses, where each row of C has N 1 + N 2 columns and each column on 1 to N 1 indicates cell index and each column on N 1 +1 to N 1 +N 2 indicates candidate region in- 
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We assume that the area surrounded by a clearer edge is more likely to contain a single cell since the intensity gradient of the cell boundaries is usually higher than the intensity gradient of the boundaries of the cell nucleus in precondition images. For the implementation, we compute the likeliness in which the candidate region A t m is a single cell region as 
where x is an M × 1 binary vector and x k = 1 means the kth hypothesis is selected in the optimal solution. Although integer programming problems are NP-hard in general, the problem in equation (6) can be solved since integer programming problems always have an integer-valued solution if the constraint matrix C is totally uni-modular (i.e., the determinant of any square submatrix takes one of the values in −1, 0, 1) and the right-hand sides of the constraints are all integers [10] . In the implementation, we used a MATLAB function called BINTPROG'. The associated candidate region is linked to a trajectory if and only if its likeliness is higher than the threshold. The integer optimization problem is solved for each frame iteratively. Figure 3 shows a simple example of a linear programming problem in which the number of tracking results at the previous frame is 2 and the number of candidate regions is 7. In the hypothesis cell 1 ⃝ → A consisting of an order list of associated cell regions where the associated candidate region is registered as R ij , which indicates the jth detection result on the tracklet X i .
Initialization of Cell Regions for Tracking
The initialization of cell regions is a key stage for tracking methods. If the detected region at the previous frame is not reliable, the tracking result at the current frame is also unreliable since the tracking method uses the results from the previous frame. In a sequence, the boundary of a cell is sometimes clear and sometimes blurry while the cell migrates under high confluency. Generally, it is difficult to segment cell regions that have blurry boundaries. However, we can make informed guesses about the blurry regions by consulting the cell regions from the previous frames if they have clearer boundaries than the target frame. Our proposed initialization approach is based on this idea. As we discussed in the previous section, the proposed method terminates the tracking process if the reliability is less than a threshold. This means that some cells are not tracked. Here, the initialization process is intended to determine which cell regions are reliable in the set of candidate cell regions and which are not tracked. The proposed method only initializes cell regions and starts the tracking process if the boundary of the cell has been clear for several frames continuously.
Since the targets of the initialization are the cells that are not tracked, to initialize tracklets at frame t, the method first removes candidates that are overlapped with selected optimal cell regions in the process described in section 2.2 at each frame t − 1 and t. Here, we denote the rest of the candidate blobs as A2 t = {A2 t i }. Next, the method determines which cell regions have boundaries that are continuously clear in several consecutive frames, as these are considered reliable. The candidates A2 t and A2 t−1 are associated by using the same framework proposed in section 2.2, where the only difference is the association likeliness ρ(h) of the hypothesis A2
Using this likeliness, the optimal candidate regions and associations are resolved by linear programming. Here, the high value of the likeliness indicates that both boundaries of the regions A2 t m and A2 t−1 l are clear and that these regions appear to be the same object. The purpose of this process is to initialize the tracker for clear cell regions. Thus, the associated candidate region is linked to a trajectory if and only if its likeliness is higher than a threshold. These selected regions are tracked until the reliability of the association is less than threshold by using the method proposed in the previous section. Then, if the length of the generated tracklet is longer than a threshold (default is 5), the tracklet is registered as reliable.
Post Processing (Global Data Association)
Generated tracklets are globally associated over time to obtain final cell trajectories and lineage trees. To resolve the global data association among generated tracklets, we use the tree structure association technique recently developed in [9] . During the global association, tracklets form tree structures where a mother cell divides into two daughter cells. The global association is formulated for tree structures as a maximum a posteriori (MAP) problem. Given the observation tracklet set X, the method maximizes the posteriori probability to solve for the best hypothesis T * . The MAP problem is solved by linear programming. More details are available in [9] .
Experimental Results
Data
We cultured retinal pigment epithelium (RPE) cells for 30 days. Since it is an enormous task to analyze the entire data, we used four sequences captured at a resolution of Table 1 . Comparison of target effectiveness of our method with [8] and [9] on four sequences.
320 × 320 pixels (1.03 µm/pixel). The cells were imaged every 2.5 minutes by bright field microscopy at 7.5X magnification over 4 hours (100 images) and we evaluated them at day 1, day 7, day 14, and day 21. The population of the cells ranged from 100 to 200 and the confluency ranged from 90% to 100%. For each image sequence, 100 cells were randomly picked in the initial frame and their progeny cells were manually tracked. Figure 4 shows an example sequence of the tracking results. In this sequence, the cells migrated and became more blurry as time went by. At frame 60, it is difficult to segment the cells even manually if the annotator is not used for the previous frame information since the boundaries of the cells are so blurry. Despite such challenging images, the cells were well segmented at the beginning of the sequence and then effectively tracked over all the frames. Table 2 . Cell behavior metrics on four sequences. We used target effectiveness [11] to assess the system performance. To compute target effectiveness, we first assigned each target (human annotated) to a track (computergenerated) that contained the most observations from that ground-truth. Target effectiveness was then computed as the number of assigned track observations over the total number of frames of the target. This indicates how many target frames are followed by computer-generated tracks.
Tracking Results and Evaluation
For the quantitative evaluation, we compared our method with the state-of-the-art methods reported in [8] and [9] . Since both of these methods use a simple threshold technique in the segmentation step, they cannot perform well when it comes to images under a confluence condition, and segmentation errors harm the tracking accuracy. To ensure a fair comparison, we used the multithreshold segmentation method, which has similar criteria to the proposed method, for the preconditioning images. This method selects the optimal segmentation regions in each frame by using equations (4) and (5) in candidate regions that are detected by multiple thresholds. The segmentation results were better than the original simple threshold method in [8] and [9] . To better highlight the advantages of the proposed method, we used it without post processing (global association) since we used an existing method in the post processing step.
As shown in Table 1 , the proposed method achieved a higher accuracy on all of the sequences compared with the methods presented in [8] , which used the segmentation-based frame-by-frame association method, and in [9] , which used the global association method with the segmentation-based association approach for generating trajectories. The global association method [9] performed slightly better than the frame-by-frame association method. In the results of [9] , tracklets were not reliably generated since the high confluency conditions caused many segmentation errors. Even though the accuracies of [8] and [9] with the improved segmentation were much better than [8] and [9] with the original segmentation results, our method performed better than both. Our method with post processing was only a little bit better (2%) than the method without post processing. These results indicate that the proposed candidate cell region detection-based association approach has a greater effect on improving the accuracy under high confluency conditions than post processing. On average, we improved the target effectiveness over 8% compared with [8] and [9] .
Biological Applications
In stem cell research, it is important to assess the quality of cells for transplant by non-invasive methods. We applied our cell tracking method to a biological study on the relationship between cell behaviors and the maturity of retinal pigment epithelium (RPE) cells. RPE cells gradually mature as they are cultured for 30 days and are therefore more mature on day 21 than on day 1. To analyze the difference in cell behaviors depending on the amount of culturing days, we computed the cell migration speed and the cell size by using the tracking results. Figure 6 shows the scatter graphs of the cell size and migration speed on days 1 and 21. On day 1, both the cell size and the migration speed were bigger and more variable than on day 21. In addition, the average cell size and migration speed on day 1 were much bigger than the other sequences ( Table 2 ). These metrics slightly decreased as the days passed. These results indicate that the metrics may be related to the degree of cell maturity. We intend to continue researching metrics for evaluating cell maturity. The results also demonstrate that our tracking system can track cells non-invasively under high confluency conditions, thus making it of enormous use to biological research.
Conclusion
We proposed a candidate region detection-based association approach for cell tracking under high confluency conditions. To reduce the problems evident in conventional methods based on segmentation association approaches, which heavily depend on the segmentation results, the proposed method determines the segmentation results in the tracking process by using both image features in the current frame and the tracking results from the previous frame. Although we used a multiple-threshold method to generate candidate regions, the proposed framework can be applied to other types of detecting methods that have many false positives but few false negatives. For example, super-pixel segmentation methods can be applied. In this case, a combination of super-pixels can function as a candidate region.
We evaluated the proposed method using challenging image sequences in which cells were cultured under a high confluency condition and had blurry boundaries. Results show that the proposed method significantly improves the tracking performance on target effectiveness.
